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ARTICLE INFO ABSTRACT
Keywords: Quantitative structure-activity relationship (QSAR) is a cost-effective solution to directly and
Petroleum hydrocarbons accurately estimating the environmental safety thresholds (ESTs) of pollutants in the ecological

Dietary exposure

Predicted No-effect concentrations
Quantitative structure-activity relationship
Toxicity

risk assessment due to the lack of toxicity data. In this study, QSAR models were developed for
estimating the Predicted No-Effect Concentrations (PNECs) of petroleum hydrocarbons and their
derivatives (PHDs) under dietary exposure, based on the quantified molecular descriptors and the
obtained PNECs of 51 PHDs with given acute or chronic toxicity concentrations. Three high-
reliable QSAR models were respectively developed for PHDs, aromatic hydrocarbons and their
derivatives (AHDs), and alkanes, alkenes and their derivatives (ALKDs), with excellent fitting
performance evidenced by high correlation coefficient (0.89-0.95) and low root mean square
error (0.13-0.2 mg/kg), and high stability and predictive performance reflected by high internal
and external verification coefficient (Q?o0, 0.66-0.89; Q%, 0.62-0.78; Q%, 0.60-0.73). The
investigated quantitative relationships between molecular structure and PNECs indicated that 18
autocorrelation descriptors, 3 information index descriptors, 4 barysz matrix descriptors, 6
burden modified eigenvalues descriptors, and 1 BCUT descriptor were important molecular de-
scriptors affecting the PNECs of PHDs. The obtained results supported that PNECs of PHDs can be
accurately estimated by the influencing molecular descriptors and the quantitative relationship
from the developed QSAR models, that provided a new feasible solution for ESTs derivation in the
ecological risk assessment.

1. Introduction

During the long-term exploration of oilfields and rapid development of petroleum industry, a wide variety of PHDs with high risks
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are produced and released into the adjacent environments [1-3]. It is estimated that the concentration of total petroleum hydrocarbons
(TPHs) was 1.83 x 10° mg/kg in the soils and sediments around the productive oilfields [4,5], which exceeded the Soil environmental
quality-Risk control standard of TPHs for development land (826 mg/kg) developed by Ministry of Ecology and Environment of China
by 221 times [6]. A large number of PHDs are easily accumulated in organisms from the polluted environments, and pose potential
high risks to high trophic organisms [7,8] and even human [9-11] through biomagnification [12], resulting in the decline of ecosystem
services function [13] and the disrupt of the ecological mechanism [14]. However, accurate risk assessment for PHDs is limited due to
the lack of environmental quality limits for specific PHDs. Present risk assessment of PHDs are mostly conducted based on the
environmental quality and risk control standard of TPHs rather than specific PHDs.

Biotoxicity testing is widely-used for evaluating the environmental safety thresholds of pollutants [15], but usually limited by the
labor-intensive, time-consuming, high-cost of the testing procedures and the raised ethical issues related to the animal testing [16,17].
QSAR models can act as a low-cost alternative for biotoxicity testing which directly estimate the biotoxicity based on the mathematical
relationship between molecular structure and available toxicity concentrations [18,19]. In recent years, the advancements in computer
technology also greatly promoted QSAR modelling strategies so that QSAR has been proposed as an effective technology for direct
biotoxicity estimation by many authoritative environmental protection organizations such as REACH and OECD [20-22]. Previous
studies have reported effective and reliable QSAR models for toxicity estimation of pesticides [18,23], 1,2,4-triazoles [24], phar-
maceuticals and persistent organic pollutants [18], halogen derivatives, ethers and tertiary amines [25]. The molecular descriptors
that describe the electrical, hydrophobicity, and thermodynamic structural characteristics, such as the energy of the highest unoc-
cupied molecular orbital (Egomo), octanol-water partition coefficient (logK,y), and overall or summation solute hydrogen bond ba-
sicity (MLFER_BO), were often found to be strongly correlated with the toxicity of chemicals [26-30]. However, little attention was
paid to systematically investigate the quantitative relationship between the molecular structure and the biotoxicity and developed
QSAR models for biotoxicity estimation of PHDs. Only a small amount of work has been devoted to develop QSAR models for esti-
mating the acute toxicity of aromatic hydrocarbons and their derivatives (AHDs) in particular polycyclic aromatic hydrocarbon (PAHs)
[19,29,31].

Current QSAR models are mostly developed for estimating the acute or chronic toxicity concentrations towards individual species,
however, few QSAR models are directly developed to estimate the ESTs to the ecosystem. Little information are available to the ESTs of
specific PHDs in the risk assessment, probably due to lack of sufficient toxicity data. Only ESTs for a few PAHs list as priority pollutants
by U.S Environmental Protection Agency (U.S. EPA) [32-34] and aromatic hydrocarbons (AHs) [35] have so far been reported. PNECs
is one of the ESTs that characterizes the magnitude of risks posed by the pollutants. The adverse effects of the pollutants are likely to
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Fig. 1. The chemical structure of the petroleum hydrocarbons and derivatives.
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occur when its exposure concentrations exceed the PNECs, especially after chronic or long-term exposure [36,37]. In this study, the
quantitative relationship between PNECs and molecular structure was investigated and the QSAR models were developed for direct
PNECs estimation of specific PHDs, which could greatly improve the ecological risk assessment of PHDs.

Dietary exposure is an important exposure route for PHDs from accidental ingestion, especially for the workers engaged in the oil
industry, which can lead to severe bioconcentration and biomagnification for higher trophic organisms [38,39]. The present study
focused on the risk assessment of PHDs from the dietary exposure and developed reliable QSAR models for the PNECs estimation of
PHDs. The quantitative relationship between PNECs and molecular structure from the developed QSAR models was investigated to
understand the underlying toxicity mechanisms of PHDs. The specific details are shown as follows: (1) All the existing acute and
chronic toxicity concentrations for multiple toxicity endpoints of PHDs were collected from the US EPA-ECOTOX database and the
current literatures; (2) All the collected toxicity concentrations were used for the PNECs derivation of PHDs, using the assessment
factor (AF) approach [40-42]; (3) All the PHDs with the derived PNECs were selected as the specific PHDs datasets for QSAR model
development; (4) The molecular structure of the selected specific PHDs were quantified by a series of molecular descriptors; (5)
Reliable QSAR models were developed based on the PNECs and the molecular descriptors; (6) The quantitative relationship between
the molecular structure and the PNECs from the developed QSAR models were investigated to understand the toxicity mechanisms of
PHDs.

2. Materials and methods
2.1. Toxicity data collection and screening

All the existing toxicity concentrations (tested using OECD toxicity test methods) of PHDs (mainly AHDs and ALKDs) to plants,
animals, and microorganisms through dietary exposure, including acute toxicity concentrations (e.g., median effective concentration
ECsp, median lethal dose LDsp) and chronic toxicity concentrations (e.g., no observed effect concentration NOEC, lowest observed
effect concentration LOEC) for multiple endpoints such as morphology, growth, histology, and reproduction, were collected from the
US EPA-ECOTOX database (https://cfpub.epa.gov/ecotox/search.cfm) and the current literature. Detailed chemical information
including chemical names, abbreviations, CAS numbers and chemical formulas of these PHDs were shown in Table S1 and their
molecular structures were shown in Fig. 1.

The collected toxicity concentrations were firstly subjected to a preliminary screening. The toxicity concentrations that meet the
following principles were selected: (1) the toxicity concentrations obtained using the toxicity testing methods proposed by the
internationally recognized standard experimental guidelines; (2) the toxicity concentrations with clear exposure time and exposure
route; (3) for chronic toxicity concentrations, NOEC and NOEL (no observed effect level) were preferred, but L (E)C;¢ (the concen-
tration causing a 10% effect within a specified time interval) was also considered; (4) for the toxicity concentrations with a range, the
minimum, mean, and maximum values were preferred. Then, the unit for all the selected toxicity concentrations was uniformly
converted into mg/kg. The selected toxicity concentrations were used for subsequent PNECs estimation and QSAR model development.

2.2. PNECs estimation

PNECs were frequently employed as ESTs in the ecological risk assessment of pollutants for both aquatic and terrestrial ecosystems
[43]. In this study, the PNECs of PHDs were estimated by dividing the acute toxicity concentrations (LDs(/ECs0) or chronic toxicity
concentrations (NOEC/NOEL) by an appropriate assessment factor (AF), as described by Okonski et al. [44]. If all of the toxicity
concentrations mentioned above is lacking, E (L) Cy or the half of LOEC or the half of LOEL (lowest observed effect level) was used
instead of NOEC/NOEL, as recommended by the U.S. EPA [45]. AF was determined by the amount of the acute and chronic toxicity
concentrations from different trophic levels (Table 1), according to the method described by Finizio et al. [37]. All the collected
toxicity concentrations were used for the PNECs derivation of PHDs. PNECs of the PHDs with acute toxicity concentrations over three
trophic levels or chronic toxicity concentrations over one trophic level were derived, according to the criteria requirements for PNECs
derivation proposed by US EPA [45].

2.3. Quantification of molecular structure

The molecular structure of PHDs was quantified by multiple molecular descriptors in this study. The PHDs molecules were firstly
visualized by ChemDraw 2D software and then optimized to their stable three-dimensional structures with the minimal energy by
Chem3D software. The optimized molecular structure of PHDs was finally used to obtain a variety of molecular descriptors that

Table 1
The assessment factors used for deriving the PNECs of PHDs to the ecosystems.
Data set Assessment factor
At least one short-term L(E)Cso from each of three taxonomic groups 1000
One long-term EC;o or NOEC from species representing one taxonomic group 100
Two long-term results (e.g., EC;o or NOECs) from species representing two taxonomic groups 50
Long-term results (e.g., EC1o or NOECs) from at least three species representing three taxonomic groups 10
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describe different aspects of the molecular structure using PADEL software and ORCA software at the B3LYP/6-311G++ (d, p) level
based on the Density Functional Theory. Octanol-Water Partition Coefficient (LogK,w) of PHDs was characterized by EPIWEB4.1. As
shown in Table S2 and 1444 two-dimensional molecular descriptors and 27 three-dimensional molecular descriptors, including 1
hydrophobic descriptor (LogKow), 17 electronic descriptors (e.g., Exomo, qQii, I, %xx), 1 steric descriptor (Vy,), 8 thermodynamic de-
scriptors (e.g., Eth, Cy, G%), 489 electrotopological state atom type descriptor (e.g., nHBint8, Shother, maxssssPb), 346 two-
dimensional autocorrelation descriptors (e.g., AATSCOm, MATS1c, GATS1c), 96 burden modified eigenvalues descriptors (e.g.,
SpMax2_Bhm, SpMin6_Bhv), 91 barysz matrix descriptors (e.g., SpAbs_DzZ, Sp)MAD_Dzm, SpAbs_Dze), 67 ring count descriptors (e.g.,
nF8HeteroRing, n4HeteroRing, n3Ring), were obtained to characterize the molecular structure of PHDs.

2.4. QSAR model development

Before QSAR model development, a selection process was conducted to all the obtained molecular descriptors to avoid the over-
fitting in the QSAR modelling. The specific selection was conducted as follows: Firstly, the molecular descriptors with missing values
were manually excluded. Then, the remaining molecular descriptors were imported into SPSS26 software to analyze the Pearson
correlation coefficient between the molecular descriptors. Those molecular descriptors with high correlations that an absolute value of
Pearson correlation coefficient was higher than 0.95 were removed to eliminate multicollinearity [46,47]. After this selection process,
a total of 488 molecular descriptors were left for subsequent QSAR modelling.

The QSAR model was developed with -logPNEC as the dependent variable and molecular descriptors as the independent variables,
using multiple linear regression (MLR) by SPSS26 software, according to the OECD QSAR guidelines “an unambiguous algorithm”.
MLR was performed stepwise until passing the tests (P < 0.05) and identified the most important molecular descriptors for -logPNEC.
Based on the results of the stepwise regression, a preliminary QSAR model was developed. High reliable QSAR models are charac-
terized by higher adjusted multiple correlation coefficient (R > 0.6) and the multicollinearity diagnosis (variance inflation factor,
VIF<10). Ordinary least squares were used to eliminate insignificant molecular descriptors using F-test and t-test. If the F-test and t-test
did not pass (P > 0.05) or if R? was small (<0.6), the regression were re-performed [48,49]. If VIF>10, the principal components of the
variables were extracted and the regression analyses were re-performed to eliminate covariances. The specific formulas for the above
parameters are shown in Table S3.

Double cross validation (Internal and external validations) was performed to the preliminary QSAR model, according to the OECD
QSAR guidelines “appropriate measures of goodness-of-fit, robustness and predictivity” [49]. The training sets and validation sets were
randomly selected in an approximate ratio of 4:1 from all the PHDs dataset, AHDs datasets and ALKDs datasets, respectively. Then, the
training set is internally validated by leave-one-out (LOO) cross-validation to assess the internal robustness of the separate three QSAR
models for PHDs, AHDs and ALKDs. The internal verification coefficient QZgo exceeding 0.5 indicates the developed QSAR model with
good robustness [50,51]. Qfoo is calculated using formula (1). The external validation coefficients Q12:1 and Q12:2 of the validation set
were utilized to assess the predictive performance of the model. Both of Q%l and Q%z exceed 0.5 indicates the developed QSAR model
with good external prediction ability [51]. Q% and Qf; are calculated using formulas (2) and (3), respectively.
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where y**P and yP™¢ are the estimated and predicted -logPNEC of the validation set, Ysaining andYzes are the average -log PNEC of the
training set and the validation set, nteg is the chemical number of the validation set.

The QSAR models passed the internal and external validations were developed for the PNECs estimation in this study. The -logPNEC
(L) is described with the optimal combination of influential molecular descriptors (X1, X3 ... Xp) used as independent variables. formula
(4) is represented as follows:

L=K Xi+K,- X2+ ...+ K, X, + Ko 4

where L represents the dependent variable -10gPNEC, Xy, ..., X, denote the independent variables of the molecular descriptors, Kj, ...,
K, are the unstandardized coefficients of the independent variables, and kg is the constant term.

2.5. Application domain analysis of the QSAR model

In general, QSAR model development has its own limitations due to some influencing factors such as the sample number restriction
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and the model algorithm [52]. The application domain (AD), defined as a threshold for the chemicals that can apply the developed
models, is usually analyzed through outlier detection. In this study, a well-defined application domain range for the QSAR model was
analyzed through the identification of structural outliers and predicted outliers. It is not reliable to use the developed QSAR model with
chemicals outside the application domain to estimate the PNECs. The chemicals with structural outliers in the training set and vali-
dation set were identified by the hat value (h) using the leverage approach [53], following formula (5). The warning leverage (h*) was
calculated as formula (6). The chemicals with a hat value (h) higher than warning leverage (h*) were considered as structural outliers.

h=x (X" X)"'x" ()

h* = 3(k + 1)/n O]

where x; is the molecular descriptor of the iy, chemical, X represents the matrices of molecular descriptors, k is the number of molecular
descriptors, n is the number of chemicals in the training set.

The chemicals with predicted outliers were identified according to the standardized residuals between the estimated and predicted
-log PNEC of the chemicals. The standardized residual (8) was calculated as formula (7). The chemicals that exceed the threshold of the
standardized residuals (from —3 to 3) were considered as predicted outliers [46,49].

__ ypred
D omyred)2
: 1n—k—l
where y and ypred are the estimated and predicted -log PNEC of the training set and validation set, n is the number of chemicals in the

training set, k is the number of molecular descriptors.

Then, the standardized residuals versus hat values of the chemicals in both the training set and validation set were plotted to
visualize the outliers and establish the application domain range for the developed the QSAR models, according to the distance-based
methods [54,55].

2.6. Quantitative relationship between PNECs and molecular structure

The quantitative relationship between PNECs and molecular structure was demonstrated by the standardized coefficients of the
molecular descriptors involved in the developed QSAR models. The standardized coefficients of the molecular descriptors indicated the
influencing weight of its effect on PNECs and were used to describe the quantitative relationship between PNECs and molecular
structure. The specific details were conducted as follows. Firstly, Ky, ..., K, in formula (4), the unstandardized coefficients for the 15-ny,
influencing molecular descriptors, were transferred to the corresponding standardized coefficients of the molecular descriptors
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Table 2
Biological species involved in the PNECs estimation and the estimated PNECs.
PHDs Chemical name Acute toxicity Chronic toxicity Assessment PNECs
Aquatic Terrestrial Aquatic Terrestrial Factor (mg/kg)
PAHDs Naphthalene Colinus virginianus Colinus virginianus, Mus 10 0.25
musculus, Oryctolagus
cuniculus, Rattus
norvegicus
2-Phenylphenol Anas platyrhynchos, Rattus norvegicus, Anas 100 1
Colinus virginianus platyrhynchos, Colinus
virginianus
9H-Fluoren-9-One Rattus norvegicus Rattus norvegicus 100 0.75
Phenanthrene Neanthes Neanthes Porecellio scaber, Mus 10 0.0089
arenaceodentata arenaceodentata, musculus, Mesocricetus
Platichthys flesus auratus, Rattus
norvegicus
9H-Fluorene Oniscus asellus, Rattus 50 0.0044
norvegicus
Fluoranthene Nereis virens, Porcellio scaber, Rattus 10 5
norvegicus, Mus
musculus
Chrysene Platichthys flesus Drosophila melanogaster 50 0.0018
Benz [a] Oniscus asellus, Porcellio 100 0.0096
anthracene scaber
Pyrene Acheta domesticus, Orchesella cincta, Mus 50 0.35
musculus, Rattus
norvegicus
Benzo [a]pyrene Fundulus heteroclitus, Oniscus asellus, Rattus 10 0.074
norvegicus, Gallus gallus,
MAHDs  Benzene Drosophila 50 40
melanogaster, Mus
musculus
Phenol Oncorhynchus Rattus norvegicus 100 0.4
mykiss
Resorcinol Mus musculus, Rattus 100 0.5
norvegicus
Benzyl Alcohol Drosophila 50 25
melanogaster, Mus
musculus
Toluene Mus musculus 100 10
P-Cresol Mouse,Rat Drosophila 100 0.05
melanogaster, Mus
musculus, Oryctolagus
cuniculus, Rattus
norvegicus
O-cresol Mustela putorius, Drosophila 50 0.1
Neovison vison melanogaster, Mustela
putorius, Neovison vison
M-cresol Oryctolagus cuniculus, 100 0.05
Rattus norvegicus
P-Xylene Rattus norvegicus 100 10
M-Xylene Rattus norvegicus 100 10
O-Xylene Rattus norvegicus 100 10
Butyl 4- Oncorhynchus Oncorhynchus mykiss ~ Mus musculus 50 0.086
Hydroxybenzoate mykiss
4-Tert- Oryzias latipes Platichthys flesus 100 0.5
Octylphenol
ALKDs 1,2-Ethanediol Mus musculus 100 110.9
Acrolein Anas platyrhynchos, Mus musculus, 50 0.001
Colinus virginianus, Mus Oryctolagus cuniculus,
musculus Rattus norvegicus, Canis
familiaris
Allyl Alcohol Mus musculus, Rattus 100 0.03
norvegicus
Isopropyl Alcohol Rattus norvegicus 100 6.01
Acrylic Acid Rattus norvegicus 100 0.27
2-Methoxyethanol Drosophila 50 6
melanogaster, Mus
musculus, Rattus
norvegicus
Ethyl acetate Ostrinia nubilalis 100 50

(continued on next page)



J. Wei et al. Heliyon 10 (2024) 26808

Table 2 (continued)

PHDs Chemical name Acute toxicity Chronic toxicity Assessment PNECs
Aquatic Terrestrial Aquatic Terrestrial Factor (mg/kg)
1-Butanol Mouse, Hamster, Bird, Rattus norvegicus 100 1.25
Dog
Tert-Butanol Mus musculus, Rattus 100 7.41
norvegicus
Methyl acrylate Drosophila melanogaster 100 5
1,2- Mus musculus Mus musculus 100 20
Dimethoxyethane
2-Ethoxyethanol Drosophila 50 72.1
melanogaster, Mus
musculus
1-Pentanol Rattus norvegicus 100 1.4
Glutaraldehyde Anas platyrhynchos, Drosophila 50 4.3
Colinus virginianus melanogaster, Anas
platyrhynchos, Colinus
virginianus
4-Methyl-2- Rattus norvegicus Rattus norvegicus 100 10
pentanone
1-Hexanol Rat Rat 100 11.27
2-Ethylhexan-1-O1 Mice, Rabbits, Guinea Rattus norvegicus 100 0.5
Ppigs, Rattus norvegicus
1-Octanol Rattus norvegicus Rattus norvegicus 100 13
Octanoic acid Heterobothrium Pagrus major, Rattus norvegicus 10 3.75
okamotoi, Takifugu rubripes
Triglyme Mus musculus Mus musculus 100 35
Nonanoic acid Mice, Colinus virginianus Rattus norvegicus 100 15
1-Undecanol Rattus norvegicus Male rats 100 20
Undecane Rattus norvegicus 100 1
1-Dodecanol Rattus norvegicus, Male 100 20
rats
1-Decanol Rattus norvegicus Rattus norvegicus 100 15.83
1-Eicosanol Rattus norvegicus 100 29.85
Heneicosane Wistar rats 100 10
Cis-9-Tricosene Colinus virginianus, Anas Anas platyrhynchos 100 0.001
platyrhynchos,
Oryctolagus cuniculus,
Rattus norvegicus
according to formula (8).
Ki* = Ki/(SL/SXj) (8)

where K;* is the standardized coefficient of a molecular descriptor, K; is the unstandardized coefficient of the molecular descriptor, Sy is
the standard deviation of the dependent variable L, and SX; is the standard deviation of the independent variable X;.

Then, the influencing weight of the molecular descriptors on the PNECs (W;) were calculated using formula (9), based on their
standardized coefficients.

Wi (%) = Ki*/ (Ki* + Ko* + ... + Ky*) *100% ©)]

where K1%, ..., K,* represent the standardized coefficient of the 1s-ng, molecular descriptor.
3. Results and discussion
3.1. The molecular structural information of PHDs

In this study, the molecular structure of PHDs used for QSAR model development was shown in Fig. 1 and the additional detailed
chemical information was provided in Table S1. The PHDs were composed of 45.1% AHDs, 47.1% alkenes and derivatives, and 7.8%
alkanes and derivatives, indicating the 51 PHDs selected in this study covered a wide range of molecular structures (Fig. 2a). Multiple
molecular descriptors, including hydrophobic descriptors, electronic descriptors, steric descriptors, two-dimensional autocorrelation
descriptors, and information index descriptors (Table S2), were used to characterize different aspects of the molecular structural
information of these PHDs and provide a detailed description of the molecular structural features. The large variations in the molecular
descriptors also supported that the 51 PHDs selected in this study covered a wide variety of diverse molecular structures with quite
different molecular structural properties (Tables S4-5S7). For example, AHDs showed a stronger ability to gain and lose electrons than
ALKDs, as reflected by higher q~ (a electronic descriptor that described the ability of chemicals to gain or lose electrons [56]) of AHDs
(ranged from —0.16 to —2.04) than ALKDs. AHDs has a stronger hydrophobicity than ALKDs, as evidenced by higher MLOGP (a
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two-dimensional molecular descriptor that described the chemical hydrophobicity [57]) of AHDs (ranged from 1.9 to 3.66) than
ALKDs. The variation of the information index descriptors (e.g., ICO-IC4, TICO-TIC4, SIC0-SIC4, CICO-CIC5, BICO-BIC4, MICO-MIC4,
ZMIC0-ZMIC4) of AHDs (changed from 1.53 to 12.4 times) was also much larger than that of ALKDs (varied from 1.70 to 31.4 times).

3.2. The PNECs of PHDs

As presented in Table 2, the PNECs of 51 PHDs were obtained based on the acute or chronic toxicity concentrations (e.g., LDs,
NOEC) of PHDs to various vertebrates (e.g., rodents, rabbits, pigs, fish, and reptiles) and invertebrates (e.g., worms, arthropod). The
toxicity concentrations specifically used for the PNECs estimation, were summarized in detail in Tables S8-S9. As the PNECs visualized
in Table 2, the -logPNEC of the PHDs exhibit a normal distribution (Fig. 2b) and differed by nearly five logarithmic units (range from
—2.04 to 3, Fig. 2a), indicating a large difference in the toxicity among these PHDs. Thus, the QSAR models based on these repre-
sentative PHDs with wide-range toxicity in this study can be better applied to the toxicity estimation for diverse PHDs.

The results showed that the PNECs varied significantly (0.001-110.9 mg/L) with the type of the PHDs, following the order of
polycyclic aromatic hydrocarbons and derivatives (PAHDs) > monocyclic aromatic hydrocarbons and derivatives (MAHDs) > ALKDs.
The PNECs of AHDs were significantly lower than that of ALKDs, indicating higher toxicity of AHDs than ALKDs, which was in
agreement with the toxicity investigation of aromatic hydrocarbons and long-chain n-alkanes [58]. In this study, there were 16 AHDs
and 6 ALKDs in the 22 PHDs of higher toxicity characterized with -1ogPNEC>0, whereas 7 AHDs and 22 ALKDs in the 29 PHDs of lower
toxicity characterized with -logPNEC<O0, indicating larger proportion of the investigated AHDs with higher toxicity and lower pro-
portion of the studied ALKDs with lower toxicity (Fig. 2a). Among the AHDs, the PNECs of PAHDs (ranged from 0.001824 to 5) were
significantly lower than that of MAHDs (ranged from 0.05 to 40), indicating a higher toxicity of PAHDs (Table 2), which was consistent
with previous finding of the hazardous concentration for 5% of species (HCs) for AHDs [59].

3.3. The developed QSAR models

In the present study, three QSAR models were separately developed for all the PHDs (model 1, 51 datasets), the AHDs (model 2, 23
datasets), and the ALKDs (model 3, 28 datasets), strictly following the procedures of the OECD QSAR guidelines. The model equations
and the performance of the three QSAR models were shown in Fig. 3, and the molecular descriptor descriptions were shown in
Table S10. Results showed that all the three models showed good fitting performance, as evidenced by their high goodness of fit (high
R? (0.89,0.91,0.95) and low RMSE values (0.13,0.19,0.2)). The closer R?is to 1, the better the goodness of fitting for the developed
QSAR model.The three models are internally robust and stable, as reflected by the internal validation parameters (high Q%0
(0.76,0.66,0.89)), and showed excellent external prediction capability by the high external validation coefficients (lesl:
0.62,0.78,0.72; Q&,: 0.6,0.73,0.66). All of the model parameters were much higher than the acceptable thresholds of the OECD QSAR
development requirements [®R2 > 0.6; Q2 oo > 0.5; Q12=1 > 0.5, Q%g > 0.5) [48,51].

The predictive performance of the developed QSAR models were visualized by the comparison of the experimental and predicted
-10gPNEC of the PHDs in the training set and validation set in Fig. 4. The results showed that the R? of the regression line fit for the three
models were high to 0.93, 0.96 and 0.96, respectively, indicating a high degree of fitting for the developed models. Both of the
experimental and the predicted -logPNEC in both the training set and validation set were evenly distributed on both sides of the
regression line, and were in very good agreement with each other, supporting a high prediction accuracy of these models. Relatively
small residuals of the predicted values against the experimental values of -logPNEC were observed for the three models, which were
0.01-1.11, 0.02-0.83, 0-0.96, respectively (Table S11), indicating the developed three models without systematic errors.

(a) Model 1 (b) Model 2 (c) Model 3
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Fig. 3. The model equations and parameters of the three developed QSAR models and the influencing weight of the molecular descriptors on the
PNECs of PHDs.
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Comparatively, the sum of squared residuals in the model 1 (6.38) was much larger than model 2 (2.563), suggesting model 2 is the
more accurate for estimating the PNECs of AHDs. Similarly, the sum of squared residuals in the model 1 (3.82) was slightly larger than
using model 3 (3.40), suggesting model 3 was better for the PNECs estimation of ALKDs with higher accuracy.

The application domain range of the developed QSAR models was defined and visualized via a Williams plot (h; < h*, —3<
standardized residuals<3) based on the standardized residuals versus hat values (h) of the PHDs in both the training set and the
validation set (Fig. 4). The h values of the PHDs involved in both the training set and the validation set were below their respective
waring leverage (h* = 1.256, 1.895 and 0.955) of the three models, indicating no structural outliers of PHDs existed in these models.
The standardized residuals for all the PHDs involved in the three models did not exceed the standardized residual threshold (from —3
to 3), indicating no predicted outliers of PHDs in all the developed models. Therefore, all the PHDs involved in the developed three
models are within the application domain. It is reliable to use the three QSAR models to estimate the PNECs of PHDs, AHDs, and
ALKDs, respectively.

3.4. The QSAR model accuracy in the PNEC estimation
In this study, model 2 and model 3 were suggested to estimate the PNECs of AHDs and ALKDs, respectively. Three aromatic hy-

drocarbons (Naphthalene, 1-Methylnaphthalene, and Pyrene) and two alkanes (n-Decane and n-Heptane) that within the application
domain range in the application domain analysis (Fig. 5a) and not included in the previous QSAR modeling were used to verify the
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Fig. 4. The application domain range analysis and the predictive performance of the three developed QSAR models.
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accuracy of the two models by comparing the estimated PNECs using the developed models with the published regulatory limits of
these PHDs by international authoritative environmental protection organizations. The results showed that the estimated PNECs of
Naphthalene, 1-Methylnaphthalene, and Pyrene (0.455, 0.044, and 0.255 mg/kg) were significantly lower than that for n-Decane and
n-Heptane (2.771 and 4.70 mg/kg). The estimation results for the PNECs of the three aromatic hydrocarbons and two alkanes were
consistent with their toxicity. As shown in Fig. 5b, the estimated PNEC of naphthalene was then compared with the peer-reviewed
toxicity concentrations published by the European Food Safety Authority (EFSA), and the estimated PNECs of 1-Methylnaphthalene,
Pyrene, n-Decane and n-Heptane were compared with the proposed safety limits published by the Environmental Protection Agency
(EPA). The PNECs of these PHDs estimated by the developed models were approximate to the published regulatory limits by 0.07 —
0.36 log units. The obtained results supported that the developed models were with high accuracy in PNECs estimation for PHDs with
diverse molecular structures.

3.5. The quantitative structure-PNECs relationship

The quantitative relationships between the molecular structure and PNECs in the present study were directly obtained from the
developed QSAR models (Fig. 4). A total of 17, 11 and 6 molecular descriptors were related to the PNECs of all the PHDs (model 1), the
AHDs (model 2), and the ALKDs (model 3), respectively. The influence of the molecular descriptors on the logPNEC varied with PHDs.
For all the PHDs, eight molecular descriptors (ATSC2v, ATSC4e, ATSC4i, AATSCle, MATS2c, VE2_D2S, SpMax3_Bhs, and ZMIC4) were
positively correlated with the PNECs, whereas nine molecular descriptors (ATSC2s, AATSC2c, MATS4v, GATS3c, GATS3i,
SpMin1_Bhp, SpMin6_Bhs, IC2 and VR3_D) were negatively correlated with the PNECs. However, for the AHDs, nine molecular de-
scriptors (ATSC4c, AATSC2m, AATSC4p, MATS1p, GATS4c, GATS1s, VE3_DzZ, VE3_Dzs and CIC5) were observed to be positively with
the logPNEC. Two descriptors (ATSC2c and SpMin6_Bhi) were negatively related with the logPNEC of the AHDs. For the ALKDs, the
molecular descriptor AATSC2m was positively correlated with the PNECs, and five molecular descriptors (AATSC4v, BCUTp-11,
SpMin6_Bhe, SpMin8_Bhp and IC2) were negatively correlated with the PNECs.

All the influencing molecular descriptors are two-dimensional molecular descriptors, including autocorrelation descriptors, in-
formation index descriptors, burden modified eigenvalues descriptors, barysz matrix descriptors, and BCUT descriptors. The effects of
these molecular descriptors on the biotoxicity had been reported before and the developed QSAR model was also used for the esti-
mation of the toxicity concentration of some chemicals [54,60,61]. For instance, the autocorrelation descriptors (GATS7p, MATS1p,
ATSC5v, MATS8e, ATSC2p, ATSC1lm), the burden modified eigenvalues descriptors (SpMax2_Bhp, SpMin4 Bhe, SpMin2_Bhs,
SpMin1_Bhs), and the BCUT descriptor (BCUTw-1h), were observed to significantly affect the interspecies toxicity of 1,2,4-triazole
compounds to mice [24]. The BCUT descriptors and the information index descriptors were investigated as important molecular
descriptors on the toxicity of alcohol compounds to Rana temporaria [62]. Three autocorrelation parameters (GATS5s, GATS1p, and
ATSC7v) and the barysz matrix descriptor (VE3 DzZ) were useful in estimating the acute toxicity of the emerging contaminants such as
active ingredients and their metabolites, ingredients of cosmetic and personal care products, pesticides and their trans-formation
products to freshwater invertebrates [25]. The autocorrelation parameters (ATSC2e, MATS2v, ATSc2, MATS6s), the BCUT
descriptor (BCUTw-11), and the burden modified eigenvalues descriptor (SpMax5_Bhs) were used for estimating the acute oral toxicity
of PAHs to mammals by a two-dimensional parametric model using genetic algorithms and multiple linear regression [31]. However,
the quantitative relationships between the molecular structure and PNECs and the application of these quantitative relationships to
estimate the PNECs are rarely reported.

As shown in Fig. 4, the influencing weight of these molecular descriptors contributed to the PNECs in each model was used to
characterize the influence of the molecular descriptors on the PNECs. For the developed three models, the autocorrelation descriptors
(e.g., ATSC4i, MATS2c, GATS3c), information index descriptors (e.g., IC2, ZMIC4, CIC5), burden modified eigenvalues descriptors (e.
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Fig. 5. (a) The defined application domains range of the models; (b)Comparison of the estimated PNECs and the proposed safety limits of the PHDs.
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g., SpMax3_Bhs, SpMinl_Bhp), barysz matrix descriptors (e.g., VR3_D, VE3_DzZ), and BCUT descriptors (BCUTp-11), were accounted
for 45.67%, 22.13%, 16.67%, 8.17%, and 7.47% of the weight in all the influencing molecular descriptors.

3.6. The mechanism underlying the quantitative relationships

The quantitative relationships between the molecular structure and PNECs indicated that 34 two-dimensional molecular de-
scriptors, including autocorrelation descriptors, information index descriptors, burden modified eigenvalues descriptors, barysz matrix
descriptors, and BCUT descriptors, were associated with the toxicity of PHDs. The obtained results can provide insights into the un-
derlying mechanisms for the effects of these molecular descriptors on the toxicity and PNECs of PHDs.

Autocorrelation descriptors are important molecular descriptors affecting the PNECs and biotoxicity of AHDs in this study. Among
the 34 influencing molecular descriptors, 18 molecular descriptors (ATSC2c, ATSC2s, ATSC2v, ATSC4e, ATSC4i, ATSC4c, AATSC4v,
AATSC2c, AATSCle, AATSC2m, AATSC4p, MATS4v, MATS1p, MATS2c, GATS3c, GATS3i, GATS4c, and GATS1s) were autocorrelation
descriptors in this study. A high proportion of the autocorrelation descriptors showed significant effects on the PNECs of PHDs. The
autocorrelation descriptors that affected the PNECs of PHDs were mainly the mass (m), polarizability (p), van der Waals volume (v),
first ionization potential (i), and state (s) weighting of Broto-Moreau (AST), Geary (GAT), and Moran (MATS) descriptors. The three
autocorrelation descriptors characterized the structural conformation of chemical molecules [49,63], which has been found to be
highly relevant to the aquatic toxicity of cosmetics and personal care additives [49]. These autocorrelation descriptors may affect the
PNECs and toxicity by influencing the spatial conformation of PHDs. The specific weighting of the autocorrelation descriptors such as
the mass (m), polarizability (p), van der Waals volume (v), first ionization potential (i), and state (s), which characterized the functions
and properties of atoms in a molecule, were also found to be important factors on the PNECs and toxicity of PHDs. Taking the
polarizability, mass, and first ionization potential weighting of the autocorrelation descriptors as examples. AATSC4p and MATS1p are
autocorrelation descriptors weighted by atomic polarizability, describing the overall mobility of electrons and the reactivity of a
chemical, accounted for 10.4% and 5.9% of the weight in all the influencing molecular descriptors (Fig. 4). The great influence of
AATSC4p and MATS1p on the PNECs and toxicity of PHDs is probably affected by the atomic polarizability. A chemical with a high
polarization is usually not easy to cross the biofilm to accumulate in biological tissues, generally resulting in its low toxicity [25]. This
is consistent with the results in this study that AATSC4p and MATS1p are positively relevant to the PNEC and negatively related with
the toxicity of PHDs. AATSC2m is an autocorrelation descriptor weighted by atomic mass, measuring the strength between relative
atomic mass of the atom pairs, accounted for 9.6% in Model 2 and 4.2% in Model 3 of the weight in all the influencing molecular
descriptors. The positive correlation between AATSC2m and PNEC might be influenced by the atomic mass. A chemical with a greater
molecular mass is usually more difficult to enter into the organisms and then act on the active site [64] and thus produces less toxic
effects [65]. GATS3i is a 2D Geary autocorrelation descriptor weight by the first ionization potential of atom pairs, describing the
ionization potential from the molecules with several carbon—carbon bonds, accounted for 3.8% of the weight in all the influencing
molecular descriptors. Molecular with a lower GATS3i value usually has a higher carbon content which might lead to a higher toxic
effect [66].

Individual information index descriptors were observed to the most influencing molecular descriptors on the PNECs of PHDs in the
present study. The complementary information content index of the neighborhood symmetry of order-5 (CIC5) and the information
content index of the neighborhood symmetry of order-2 (IC2) showed the maximum influencing weight (17.7% and 31.5%) on the
PNECs of AHDs and ALKDs, respectively. IC2 also showed a high negative contribution to the PNECs of all the PHDs, with a high
influencing weight of 9.2%. Many studies have focused on the relationship between the information index descriptors and the toxicity,
however, the correlation between the information index descriptors and the PNECs is still not clear. Taking IC2 as examples, IC2
primarily represents the topological features and information transfer capabilities of chemical molecules [67]. A higher IC2 indicates a
stronger information transfer among the atoms within the molecule and a higher molecular connectivity of a chemical. As a result, the
chemical appeared to exhibit a higher diffusion coefficient and a stronger interaction, and thus potentially presented a greater toxic
effect [68]. Therefore, the positive correlation between IC2 and biotoxicity was obviously observed in the PHDs with longer molecular
topological distances.

Burden modified eigenvalues descriptors and barysz matrix descriptors, derived from the Burden and Barysz matrices, were also
important in influencing the PNECs and toxicity of PHDs in this study. Six Burden modified eigenvalues descriptors (SpMax3_Bhs,
SpMinl_Bhp, SpMin6_Bhs, SpMin6_Bhi, SpMin8 Bhp, SpMin6_Bhe) and barysz matrix descriptors (VE2_Dzs, VR3_D, VE3_DzZ,
VE3_Dzs), showed a 16.67% and 8.17% weight in all the influencing molecular descriptors, respectively. The two types of molecular
descriptors were related to the molecular topological characteristics of chemicals that associated with the molecular size, the atomic
number, and the content of some specific heteroatoms with a role in the toxicity [25,29], and thus affected the PNECs and toxicity of
PHDs.

The first lowest eigenvalue in the Burden matrix weighted by polarizability (BCUTp-11) was a significant BCUT descriptor affecting
the PNECs and toxicity of ALKDs in this study. BCUTp-11 was negatively related with the PNECs of ALKDs, contributing 22.4% weight
to the PNECs in the Model 3. Previous studies have reported that high BCUTp-11 demonstrated a higher spatial metric polarizability
that describing electron mobility and reactivity of a chemical, and thus resulted in higher activity and toxic effects on organisms [69],
which was in agreement with the results in this study.
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The list of the abbreviations and its definition in this study.

Abbreviations Definition

ESTs Environmental safety thresholds

QSAR Quantitative structure-activity relationship
PNECs Predicted no-effect concentrations

PHDs Petroleum hydrocarbons and their derivatives
AHDs Aromatic hydrocarbons and their derivatives
ALKDs Alkanes, Alkenes, and their derivatives

TPHs Total petroleum hydrocarbons

SSD Species sensitivity distribution

AF Assessment factor

AHs Aromatic hydrocarbons

ECso Median effective concentration

LDsg Median lethal dose

NOEC Chronic toxicity concentrations

LOEC Lowest observed effect concentration

NOEL No observed effect level

L(E)Cqo The concentration causing a 10% effect within a specified time interval
MLR Multiple linear regression

VIF Variance inflation factor

AD Application domain

4. Conclusions

(1) Three validated QSAR models with high accuracy in the estimation of PNECs were separately developed for PHDs, AHDs and
ALKDs. The separate model developed for AHDs and ALKDs showed better performance in estimating the PNECs.

(2) The developed QSAR models showed wide application domain range, supporting a new cost-effective and reliable approach for
directly estimating the PNECs of PHDs in the ecological risk assessment.

(3) 34 two-dimensional molecular descriptors were observed to influence the PNECs of PHDs. Most of the involved molecular
descriptors were autocorrelation descriptors, and the individual information index descriptors contributed the highest weight in
all the influencing molecular descriptors on the PNECs of PHDs.

(4) The quantitative relationships between the molecular descriptors and PNECs provides new insights into understanding the
mechanism of the effects of the associated molecular descriptors on the toxicity and PNECs of PHDs.
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